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[1] To provide possible means to improve future satellite
SST retrieval algorithms and to provide data users with error
information, spatiotemporal bias patterns in the 1982–2002
NOAA operational AVHRR SST were characterized. At the
start of one (NOAA-14) satellite mission, typical global
average biases were about �0.05�C, and gradually
increased during the satellite mission. Normally global
averages rarely exceeded 0.2�C, due to cancellation of
larger biases of opposite signs in different regions. Biases
were inhomogeneous and locally exceeded 0.5�C even in
the 21-year time mean. Large irregular biases were due to
stratospheric aerosols from volcanic eruptions. Seasonal
biases were strongly related to local weather phenomena,
such as seasonal dust aerosols and cloud covers. The
findings suggest that future satellite SST retrieval
algorithms should be time and space dependent. INDEX
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1. Introduction

[2] Sea surface temperature (SST) data are widely used to
study earth’s climate changes, although theoretically heat
content is more appropriate. SST is also used in real-time
applications, such as boundary conditions for operational
numerical forecasts and in data assimilations for the
analyses of weather, ocean and climate.
[3] SST has been continuously monitored using the

Advanced Very High Resolution Radiometers (AVHRR)
on board the U.S. National Oceanic and Atmospheric
Administration (NOAA) polar-orbiting satellites since late
1981. Other SST products include those from the Tropical
Rainfall Measuring Mission (TRMM) Microwave Imager
(TMI; [Kummerow et al., 1998; Wentz et al., 2000]), the
Along Track Scanning Radiometer (ATSR; [Mutlow et al.,
1994]), and the Moderate Resolution Imaging Spectroradi-
ometer (MODIS; [Esaias et al., 1998]). Satellite SST is not
directly measured, but deduced from directly measured
parameters (e.g., AVHRR radiances). The deductions may
be based on semi-empirical formulae obtained from correla-
tion studies. The AVHRR satellite ‘‘brightness’’ temperatures
are usually regressed against selected in situ observations to
produce ‘‘bulk’’ SSTs, despite that infrared AVHRR SSTs
physically represent only a very thin (�10 mm) ocean skin

layer due to sea water’s high emissivity [Emery et al., 2001b;
Donlon et al., 2002]. Tuning to the bulk SST is done for
historical reasons and for lack of skin SST measurements.
Also, because the skin layer is so thin, the bulk SST
representing the ocean mixed layer is more suitable for
climate study than skin and diurnal SSTs. Thus we focus
on the AVHRR SSTs calibrated to bulk SSTs.
[4] Many factors can affect satellite SST accuracy,

including orbit and sensor stability, and variations and types
of clouds, water vapor and aerosol concentrations in the
atmosphere [e.g., Brown et al., 1993; Mutlow et al., 1994].
Although great care was exercised in developing and
calibrating the satellite SST algorithms, they were done
over limited areas, under limited atmospheric conditions,
and for particular conditions of satellite sensors and tracks
[e.g., Walton et al., 1998]; (http://www2.ncdc.noaa.gov/
docs/podug/). Thus spatiotemporal biases still existed.
Adjustments to operational algorithms were delayed in time
following volcanic eruptions (e.g., Mt. Pinatubo erupted in
June 1991 with biases appearing in July. The operational
corrections were implemented from early October 1991).
Figure 1 shows the AVHRR SST biases in September 1991,
with maximum biases larger than 2�C. Here the AVHRR
SST biases are statistically characterized. The findings
should be useful for improving satellite SST algorithms
for retroactive analysis and for future satellite SST missions.

2. Data and Method

[5] The NOAA operational AVHRR SST observations
started in late 1981 and are continuing into the future. Over
the years the SST retrieval algorithms have evolved, from
the early Multi-Channel SST (MCSST) algorithm to the
cross-product SST algorithm and to the nonlinear SST
(NLSST) algorithm [McClain et al., 1985; Walton, 1988;
Walton et al., 1998; May et al., 1998]. In situ SSTs have
been measured by ships and drifting and moored buoys. The
history of in situ SST measurements and analyses was
discussed by Kent et al. [1993 and 1999], Emery et al.
[2001a], and Reynolds et al. [2002]. To reduce random and
sampling errors in both in situ and satellite data, we use an
objective analysis method to compute analyzed SST on a
spatial grid of 1� � 1� monthly. Reynolds and Smith [1994]
and Reynolds et al. [2002] described the optimum interpo-
lation (OI) in details. The AVHRR SST biases are
referenced to in situ SSTs. This is done by an optional
Poisson procedure completed prior to the OI analysis. The
Poisson step removes satellite SST biases with respect to
the in situ SSTs [Reynolds and Smith, 1994]. To extract the
AVHRR SST biases, OIs with and without the bias correc-
tion (bc) were done. The corresponding OI SSTs are
denoted as T_bc and T_no.bc. Since satellite SST observa-
tions overwhelm in situ data, the influence of in situ SSTs
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on the OI SSTs without the bias correction is minimal.
Therefore we define the AVHRR SST bias, B, as the
difference:

B ¼ T no:bc� T bc:

[6] Biases vary spatiotemporally. To determine whether
coherent and predictable patterns exist, both simple statis-
tics and empirical orthogonal function (EOF) analyses were
used [e.g., Davis, 1976]. The analyses were done on the
monthly 1� � 1� AVHRR SST biases (B) from January
1982 to December 2002. The EOF decomposition has the
advantage of compressing data most efficiently using a few

dominant spatiotemporal modes. Spatial projections of these
modes reveal patterns, and temporal projections reveal
sequences of events.

3. Results

[7] Figure 2a shows the 21-year averaged global bias,
which was removed from the biases before the EOF
decomposition. The largest biases are in the eastern tropical
Atlantic following the shape of the coast. The persistent
negative biases, with peaks larger than 0.5�C, are largely
due to the dust aerosol from the African deserts. Negative
biases also appear in the Arabian Sea. Positive biases,
appearing along the east and west coasts of the United
States (with maxima of 0.3�C and 0.5�C, respectively) and
along the southwest coast of South Africa, are somewhat
collocated with the cold waters along the coasts due to
strong upwelling. The coastal biases may indicate the lack
of in situ data used in tuning the satellite SST algorithms, or/
and deficiencies in globally tuned SST algorithms, which is
incapable of representing local conditions (see section 4 for
more discussion).
[8] Figure 2b shows the temporal variation of the glob-

ally averaged biases. The biggest events in 1982/1983,
1991/1992 and 2000/2001 are due to El Chichón and
Mt. Pinatubo eruptions [Reynolds, 1993] and the deteriorat-
ing performance of the NOAA-14 satellite at the end of its
mission, respectively. Although the NOAA-16 satellite was
launched in September 2000, new operational SST retrieval
algorithms were not available until March 2001. This
underscores the importance of overlapping satellite mis-
sions. The peaks in 1992–1995 were due to a satellite
calibration error discussed in Reynolds [1993], which was
fixed later. Note that during the quiet time, e.g., from March
1995 to mid 1999, the globally averaged bias increased
from �0.05�C to �0.20�C. This indicates that at the start of
the satellite mission the algorithm was well calibrated on a
global average. However, large biases still occurred over
certain regions, as shown in Figure 2a and further discussed
below. The downward trend with time may indicate the shift
of either the satellite orbit or the performance of the onboard
SST instruments, or both. When the NOAA-16 satellite was
operational for SST, the globally averaged bias dropped
back to about �0.05�C and was stable to the end of our
analysis (December 2002).
[9] Figure 3 shows the percent variances of the first

25 EOFs. The variance decreases rapidly with mode num-

Figure 1. September 1991 AVHRR SST biases (�C)
following the Mt. Pinatubo eruption. The biases are
computed using the method described in Section 2.

Figure 2. (a) Spatial pattern of the monthly AVHRR SST
biases averaged January 1982–December 2002 (CI = 0.2;
adjacent solid and dashed lines are 0 and �0.2�C
respectively). (b) Time series of the globally averaged
AVHRR SST biases (�C). Time ticks indicate the beginning
(January) of the year.

Figure 3. Percent variances of the first 25 modes on the
AVHRR SST biases with mean removed.
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ber. Contributions from mode 1 to 6 are 27.4%, 10.8%,
8.2%, 4.2%, 3.2% and 2.2%, respectively. All other modes
account for less than 2% individually. The higher modes
have smaller spatial scales, indicating they are likely asso-
ciated with errors and/or localized atmospheric phenomena.
[10] Figure 4 shows the spatial pattern (loading) and time

series of Mode 1. The loading is largely zonal, with largest
biases in the tropics. The time series is very close to that of
the globally averaged biases (with a sign change), indicating
that events in Mode 1 are global phenomena (volcano
eruptions and satellite instrument decay).
[11] Mode 1 describes relatively rare events which are

unpredictable. Fortunately these large biases can be easily
identified and may be at least partially removed by special
post-event algorithm changes. However, Mt. Pinatubo
biases remain even in the post-processed Pathfinder
AVHRR SST [Kilpatrick et al., 2001], and the globally
averaged Pathfinder SST biases are no less than that of the
operational SST biases [Reynolds et al., 2002]. In contrast
to the rare events, regularly occurring biases could be
removed or reduced by improvements to real time
operational satellite algorithms. Examples of these biases
are the mean biases described above and the seasonal biases
described below.
[12] Figure 5 shows the loading patterns and time series

of Mode 2 and 3 respectively. The time series show a
robust seasonality, which is also shown in Mode 4.
Positive peaks are in/near July for both Mode 2 and 3.
Negative troughs are near November for Mode 2 and
around April for Mode 3. Combining the time series with
the spatial patterns of Mode 2, 3 and 4, we see negative
biases in the northwestern Indian Ocean and the subtrop-
ical eastern Atlantic Ocean off of Africa in the northern
summer (July). These negative biases are also consistent

with the patterns in the climate mean field (Figure 2a).
They are likely associated with the dust aerosols in these
regions during the northern summer. Aerosol induced
biases are negative because the infrared radiation from
sea surface was absorbed by the aerosol and then read-
mitted at the aerosol’s lower temperature [e.g., Reynolds,
1993]. Biases in the northern oceans are positive in July,
revealing the algorithms’ deficiency in these regions. These
biases are co-located with the maximum and persistent
cloud covers (e.g., cloud climatology at the International
Satellite Cloud Climatology Project, http://isccp.giss.nasa.
gov/), although there is no physical reason for positive

Figure 4. Mode #1 of the EOF decomposition on the
AVHRR SST biases with the time mean removed: (a) spatial
pattern (CI = 1; adjacent solid and dashed lines are 0 and �1
respectively); and (b) time series.

Figure 5. Same as Figure 4 but for Mode #2 (a, b) and
#3 (c, d).

L01307 ZHANG ET AL.: BIAS CHARACTERISTICS IN SEA SURFACE TEMPERATURE L01307

3 of 4



biases by clouds. This is likely linked to the deficiencies of
globally tuned algorithms.

4. Summary and Discussions

[13] Over the years the operational AVHRR SST retrieval
algorithms have progressed from the early multi-channel
linear retrieval to the current nonlinear retrieval. However
all the algorithms are spatially independent. When a new
satellite is launched, a new SST retrieval algorithm is
developed and calibrated for its track and onboard instru-
ments. The algorithm is then applied globally and remains
the same during the lifetime of the satellite’s mission unless
major biases are identified (e.g., due to volcanic eruptions).
In the latter cases special algorithms might be developed.
We analyzed the statistical spatial and temporal patterns of
the historical monthly AVHRR SST biases from January
1982 to December 2002, to assess the performance of the
time- and space-independent operational AVHRR SST
retrieval algorithms. Similar bias characterizations could
be performed for other and recent satellite SST products.
[14] For the globally tuned algorithms, the global average

biases were generally small. However, the biases were
inhomogeneous and large in certain areas. Even in the
21-year climatological mean, the biases can be larger than
0.5�C. Areas with globally unrepresentative atmospheric
thermal structure or aerosols showed greatest biases.
Regions with atmospheric inversions and undetected warm
clouds relative to the ocean surface emit more infrared
radiance (IR) for a given SST. This results in positive
AVHRR SST biases from a globally tuned algorithm.
Likewise, regions or occasions with more aerosols than
implicit in the global tuning emit less IR for a given SST,
resulting negative biases. The spatial inhomogeneity of the
biases indicates that spatially dependent satellite SST
retrieval algorithms are necessary.
[15] In the time domain, Modes 2 to 4 showed strong

seasonality and Mode 5 showed a trend in time (not shown).
Time trends lasting several years were also revealed in the
time series of the global mean and Mode 1. These indicate
that time-dependent satellite SST retrieval algorithms may
also be needed. The fact that coherent and regularly occur-
ring patterns exist in the dominant modes is encouraging
and useful. The seasonality could be used to guide improve-
ments of the satellite SST algorithms with simplified time-
dependence. The results have their implications for future
satellite SST missions. The temporal patterns also showed
the importance of overlapping satellite missions.
[16] The spatiotemporal bias patterns are apparently

related to seasonal weather phenomena, such as the dust
aerosols from the African deserts and the seasonal clouds
over the northwest basins of North Pacific and North
Atlantic Oceans. Proper parameterization of the retrieval
sensitivity to these phenomena may also help to reduce the
AVHRR SST biases.

[17] Acknowledgments. We thank Drs. Tom Peterson, Lei Shi
and Sharon LeDuc for insightful comments and suggestions. Detailed
comments from David Parker and an anonymous reviewer are greatly

appreciated. We are grateful to NCDC and the NOAA Office of Global
Programs, which provided support for this work. The Grid Analysis and
Display System (GrADS) developed at the Center for Ocean-Land-Atmo-
sphere Studies [http://grads.iges.org/grads] was used for the plots.

References
Brown, J. W., O. B. Brown, and R. H. Evans (1993), Calibration of
advanced very high resolution radiaometer infrared channels: A new
approach to nonlinear correction, J. Geophys. Res., 98, 18,267–
18,268.

Davis, R. E. (1976), Predictability of sea surface temperature and sea level
pressure anomalies over the North Pacific Ocean, J. Phys. Oceanogr., 6,
249–266.

Donlon, C. J., P. J. Minnett, C. Gentemann, T. J. Nightingale, I. J. Barton,
B. Ward, and M. J. Murray (2002), Toward improved validation of
satellite sea surface skin temperature measurements for climate research,
J. Clim., 15(4), 353–369.

Emery, W. J., D. J. Baldwin, P. Schlüssel, and R. W. Reynolds (2001a),
Accuracy of in situ sea surface temperatures used to calibrate infrared
satellite measurements, J. Geophys. Res., 106, 2387–2405.

Emery, W. J., S. Castro, G. A. Wick, P. Schluessel, and C. Donlon (2001b),
Estimating sea surface temperature from infrared satellite and in situ
temperature data, Bull. Ameri. Meteorol. Soc., 82(12), 2773–2786.

Esaias, W. E., et al. (1998), An overview of MODIS capabilities for ocean
science observations, IEEE Trans. Geosci. Remote Sens., 36, 1250–
1265.

Kent, E. C., P. K. Taylor, B. S. Truscott, and J. A. Hopkins (1993), The
accuracy of voluntary observing ship’s meteorological observations,
J. Atmos. Oceanic Tech., 10, 591–608.

Kent, E. C., P. G. Challenor, and P. K. Taylor (1999), A statistical determi-
nation of the random observational errors present in voluntary observing
ships meteorological reports, J. Atmos. Oceanic Tech., 16, 905–914.
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